Objective: Epilepsy is characterized by transient alterations in brain synchronization resulting in seizures with a wide spectrum of manifestations. Seizure severity and risks for patients depend on the evolution and spread of the hypersynchronous discharges. With standard visual inspection and pattern classification, this evolution could not be predicted early on. It is still unclear to what degree the seizure onset zone determines seizure severity. Such information would improve our understanding of ictal epileptic activity and the existing electroencephalogram (EEG)-based warning and intervention systems, providing specific reactions to upcoming seizure types. We investigate the possibility of predicting the future development of an epileptic seizure during the first seconds of recordings after their electrographic onset. Methods: Based on intracranial EEG recordings of 493 ictal events from 26 patients with focal epilepsy, a set of 25 time and frequency domain features was computed using nonoverlapping 1-second time windows, from the first 3, 5, and 10 seconds of ictal EEG. Three random forest classifiers were trained to predict the future evolution of the seizure, distinguishing between subclinical events, focal onset aware and impaired awareness, and focal to bilateral tonic-clonic seizures. Results: Results show that early seizure type prediction is possible based on a single EEG channel located in the seizure onset zone with correct prediction rates of 76.2 AE 14.5% for distinguishing subclinical electrographic events from clinically manifest seizures, 75 AE 16.8% for distinguishing focal onset seizures that are or are not bilateral tonic-clonic, and 71.4 AE 17.2% for distinguishing between focal onset seizures with or without impaired awareness. All predictions are above the chance level (P < .01). Significance: These findings provide the basis for developing systems for specific early warning of patients and health care providers, and for targeting EEG-based closed-loop intervention approaches to electrographic patterns with a high inherent risk to become clinically manifest. 
| INTRODUCTION
Epileptic seizures are a common phenomenon in humans and in mammals, consisting of abnormal synchronization patterns arising in variable brain regions. So far, the mechanisms of initiation of these seizures and the factors resulting in their clinical manifestation are incompletely understood. In particular, the role of the epileptogenic brain region ("epileptic focus") and of more extended network characteristics in seizure generation have remained a matter of controversial debate. Recordings of neuronal activity using electrodes placed directly in the brain, or even into brain areas, show an abundance of epileptic activity, mostly without obvious behavioral correlates. Even patterns similar to those occurring during manifest seizures go unnoticed by patients and observers, 1 although they may have clinical significance. 2 Early seizure detection has recently become a high-ranking topic due to the development of new devices for closed-loop stimulation. [3] [4] [5] [6] Although some algorithms have been shown to detect seizure onset within the first 5 seconds, [7] [8] [9] increasing the chance of a successful intervention, early detection occurs at the cost of possibly classifying subclinical electrographic events or mild seizures as a trigger for interventions. 10 It would thus be highly relevant if the future evolution of ictal seizure patterns and the upcoming clinical manifestation as a certain seizure type could be predicted. Targeting stimulations to ictal events with predictable evolution into a clinically meaningful seizure may not only reduce unnecessary stimulations and save energy, but may also contribute to an improved tolerability of the stimulation device. Similarly, patient warnings of an imminent seizure could be made in a specific way. We hypothesize that, to a major degree, the temporospatial pattern of evolution of these "ictal" epileptic patterns will determine whether and in which way a seizure manifests. Analyzing the factors, in particular regions and the timing relevant to whether ictal discharges become a manifest "seizure," is of high interest for the understanding of epilepsy in general, and may have major practical relevance for timely targeted interventions. We thus studied the possibility of predicting the future development of an epileptic seizure, in the first few seconds after its electrographic onset, as recorded using intracranial depth and subdural electrodes.
| MATERIALS AND METHODS
This study is based on intracranial electroencephalographic (EEG) recordings of 493 seizures from 26 epilepsy patients with heterogeneous etiologies and seizure onset patterns ( Table 1 ). All patients participating in this study were retrospectively analyzed from the patient database available at the Freiburg University Hospital and the European Epilepsy Database. 11, 12 To align with the latest International League Against Epilepsy seizure classification, 13 we converted the old seizure classification labels 14, 15 already existing in the European Epilepsy Database as follows: simple partial seizures ? focal onset aware seizures (ASs), complex partial seizures ? focal onset impaired awareness seizures (IASs), secondary generalized seizures ? focal onset bilateral tonic-clonic seizures (BTCs). Additionally, partial seizures, including both simple and complex, will be referred to as focal onset non-bilateral tonic-clonic seizures (NBTCs) throughout the paper. All patients gave their informed consent to perform electrophysiological and epileptological analysis on their data.
Data analysis was performed using in-house software written in MATLAB (MathWorks, Natick, MA, USA). Early seizure type prediction was accomplished by computing a set of features from the first seconds of ictal activity and feeding the features set into 3 random forest classifiers. 16 Each classifier is independently trained to distinguish between clinical seizures (CSs) and subclinical seizures (SSs; defined as electrographic seizure patterns that end without evoking auras or other clinical symptoms), BTCs and NBTCs, and ASs and IASs, respectively, using a leave-one-out cross-validation scheme. Seizures were classified by a board-certified epileptologist (A.S.-B.) based on video recordings of patients' behavior and interactions during and after the seizures, taking into account the most severe part of the seizure. The grouping of the seizure types and the 3 classifiers are graphically illustrated in Figure 1 .
Key Points
• The first 3 to 10 seconds of ictal activity allow prediction of the seizure type of the ongoing seizure
• One SOZ channel chosen by an experienced neurologist is sufficient to reach 64%-72% correct prediction rates
• Given multiple SOZ channels, an optimization schema may be used to increase correct prediction rates to 71%-75%
• The algorithm allows tracking of the features' importance during the seizure evolution, opening the field for complex closed-loop interventions
• Our method may be used to assess the effect of closed-loop stimulation devices on seizure severity
Three subsets of patients are created from the 26-patient group. Each subset is used to train and evaluate 1 of the 3 classifiers. To be part of a subset, a patient's records must meet the following 2 selection criteria: (1) there are at least 2 occurrences of each of the 2 seizure types needed to train the classifier, and (2) seizure duration is at least 10 seconds.
For some patients, a large number of seizure types were available in the database. As an example, Patient 10 has 5 T A B L E 1 Characteristics of patients participating in our study and the number of seizures used in the study, grouped by type Table 1 for the list of seizures used in this study). Therefore, Patient 10 meets the selection criteria only for training the SS-CS and the BTC-NBTC classifiers. A set of 25 features (Table S4) , computed on nonoverlapping 1-second windows, was used to characterize the first 3, 5, and 10 seconds of ictal intracranial EEG signal, regardless of the seizure type. Among the 25 features, 14 are the average power computed for 4-Hz-wide nonoverlapping frequency bands in the 2-to 30-Hz range and 10-Hzwide nonoverlapping frequency bands in the 30-to 100-Hz range. The high number of features used in this study is explained by the variability of seizure onset patterns exhibited by our group of patients. Each feature, or subgroup of features, has been previously shown to be relevant for specific seizure onset patterns; for example, line length is useful in detecting the low frequency bursts occurring in the hypersynchronous seizure onset patterns, whereas narrow frequency bands and the power ratio features are useful in detecting the low-voltage fast activity.
The classification is made by a random forest classifier, 16, 17 which has been shown to have good accuracy, is not affected by overtraining, 18 and does not require normalization of the input data. 19 These advantages are a consequence of a random forest being an ensemble of decision trees, in which each tree is trained on a subset of the training data and a subset of features. When performing the classification, each individual tree contributes to the classification, by suggesting a label. However, the final classification result is obtained by selecting the label that was suggested by the majority of trees. The random forest algorithm has only 2 parameters: the number of trees (set to 15,000 in this study, which according to Oshiro et al. 20 is sufficiently large for the area under the curve to reach its asymptote) and the number of features randomly selected at each node, set to ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
where N ictal is the number of seconds of ictal activity and N features is the number of features used for the classification.
16,17 N features is variable, computed as the total number of features (listed in Table S4 ), multiplied by the number of seconds in the ictal interval used in the classification (N features is either 75, 125, or 250). The training and testing of the classifier is performed using leave-one-out cross-validation, a method that has been shown to provide good results for classification problems. 21 Notably, this assures that there is no performance evaluation within training datasets. The Gini coefficient 22 is used as branching index in growing each decision tree of the random forest. 19 The importance of each feature is computed based on the decrease of the Gini coefficient, allowing us to know exactly which feature is more active. For each patient, we predict the seizure type by using contacts marked as seizure onset zone (SOZ) by experienced neurologists, blinded to the purpose of this study. Each classifier requires data recorded from 1 SOZ contact. For 7 patients, only 1 electrode was defined as SOZ. For the remaining patients, >1 electrode was electrographically defined to be part of the SOZ, so we trained separate classifiers for each SOZ channel and compared their performances to decide which SOZ channel is optimal for distinguishing between the 2 seizures types to be classified. A patient-specific optimization of the prediction rate (computed as the ratio between the number of correctly classified seizures and the total number of seizures being classified) is employed, by choosing the most suitable pair of parameters (SOZ contact and ictal activity interval). We discuss only the SOZ contact that provided best prediction results, as the purpose of this study is to show that it is possible to identify a contact whose activity is sufficient to predict the seizure type evolution. However, a more conservative approach was also tested, where the 1 seizure onset channel from each patient was chosen by an experienced neurologist (A.S.-B.) instead of an optimization algorithm. This approach for predicting the seizure type was tested to ensure the robustness of the algorithm. Even in this more restricted scenario, the results are still favorable and significant at the group level, and are presented in the Appendix S1.
For each patient the positive predictive value (PPV), sensitivity, and specificity 23 were computed for each of the 2 classes of seizures in each classifier. The prediction rate is computed as the percentage of correctly classified seizures, regardless of their type.
The binomial cumulative distribution function was used to evaluate whether the results of the classification are above chance: where y is the probability of correctly classifying at least x seizures, n is the total number of seizures, p is the probability of correct classification by chance (P = .5), and I is the identity function I(x) = x. The classification results are considered to be above chance with 95% confidence if y < 0.05.
| RESULTS

| Group analysis
The seizure type prediction method is validated at the group level by the binomial cumulative distribution function, showing that prediction rates of each classifier are above the chance level with at least 99.5% confidence, even in the absence of ictal interval optimization (Table 2) . For the BTC-NBTC and the AS-IAS classifiers, increasing the ictal interval to 10 seconds does not provide better results (Table 2 ). This finding indicates that the first 3 or 5 seconds of ictal activity already contain the relevant information for the seizure type prediction, and by increasing the ictal period in the channel of seizure onset, basically "noise" is added to the classifier, decreasing its performance.
The variability of the sensitivity and specificity with respect to the ictal interval is illustrated in receiver operating characteristic space (Figure 2) , where each patient and ictal interval are uniquely identified by a color and a shape, respectively.
We report below the seizure type prediction results for SS-CS, BTC-NBTC, and AS-IAS classifiers, which include the full optimization of SOZ contact and ictal interval. Please see Tables S1, S2 , and S3 for details on which ictal interval was more suitable for each patient.
The SS-CS classifier, tested on a subset of 20 patients and 449 seizures, had a correct prediction rate of 76.2 AE 14.5%. The mean AE standard deviation (SD) of the PPV, sensitivity, and specificity was 77. 
| Patient-based analysis
Individual patient results are discussed for Patient 9, who had 4 seizures of each type of CS and 12 SSs. The first 10 seconds of ictal activity are shown for all seizure types in Figure 3 (BTCs: panels BTC1 to BTC4; ASs: panels AS1 to AS4; IASs: panels IAS1 to IAS4; SSs: panels SS1 to SS12), as recorded from the subdural contact BLA1, located in the temporal pole. The SS-CS classifier correctly predicted 22 of 24 seizures (91.7% prediction rate). One BTC was misclassified as an SS (shown in Figure 3 , panel BTC1), and 1 SS was misclassified as a CS (shown in Figure 3, panel SS1 ). Using the same 10 seconds of ictal activity recorded from contact BLA1, a second classifier was able to distinguish between BTC and NBTC with a 91.7% prediction rate (correctly predicted 11 of 12 seizures: 1 BTC was misclassified as an NBTC, shown in Figure 3 , panel BTC1). For the AS-IAS classifier, using the data recorded from the BLA1 contact, only 2 of 8 seizures were correctly predicted, whereas a 87.5% prediction rate was reached if the first seconds of ictal activity recorded from the parahippocampal gyrus contact BLB1 were used instead ( Figure 4 ). The predictive information contained was considerably higher, resulting in only 1 AS being misclassified as an IAS (shown in Figure 4D ). We conclude that of the 8 SOZ contacts of Patient 9, contact BLA1 is the optimal contact for differentiating SS-CS and BTC-NBTC. The optimal contact to predict the evolution of a NBTC into an AS or IAS is BLB1. As all 3 classifiers have the same input dataset, consisting of the same features computed over the initial 10 seconds of ictal activity recorded in Patient 9, we can map the dynamic of each feature's importance, as shown in Figure 3A -C. According to Figure 3A 
| DISCUSSION
To our knowledge, this study for the first time demonstrates the presence of information about the seizure's future evolution in the very first seconds of ictal activity in patients with focal epilepsy. Moreover, the described method allows for the identification of each feature's importance at various time points, providing additional information about the ictal dynamic evolution.
Our study is based on 493 seizures intracranially recorded in epilepsy patients with a wide range of etiologies and seizure onset patterns. All features contributed to the performance at the group level, whereas the relative importance changed over time, confirming the hypothesis that temporospatial patterns and their evolution found at the beginning of the seizure determine to a considerable degree whether and how the CS will manifest. The idea of seizure type evolution opens the field for using specialized subsequent classifiers to track the progress of the seizure in real time. Even in patients with widespread epileptogenic areas, the seizure type prediction seems to offer good results. For example, Patient 9 has 8 contacts located in the SOZ (Table 1) , but for optimal contacts and intervals we were able to obtain prediction rates of 91.7% for the SS-CS classifier using a 10-second ictal interval (Table S1 ), 91.7% for the BTC-NBTC classifier using a 5-second ictal interval (Table S2) , and 87.5% for the AS-IAS classifier using a 3-second ictal interval (Table S3) . However, although the mean sensitivity, specificity, and PPV values reported at the group level provide an overview for the performance in our patient population, we show in Tables S1-S3 that some patients can benefit from this method, whereas for other the seizure type prediction was unsuccessful. This is also reflected in the SDs of the mean results. A future study in a larger population with an increased number of seizures will help to better define the patient profile that is suitable for seizure type prediction.
A limitation of the study is the size of the patient population, although it comprises heterogeneous etiologies and seizure onset patterns. This population does not allow correlation of prediction rates and etiologies, yet opens the field for further investigations in subpopulations with homogenous etiologies with a potential to optimize its performance. Additionally, the patient population contains mostly temporal lobe epilepsy patients; therefore, our conclusions may not generalize well to extratemporal patients.
Epilepsy has an important economic and health impact on individuals and society, studies estimating that 1% of the total national health care expenditure is directly related to this condition. 24 A significant contributor is the unpredictability of severe seizure types, encompassing loss of consciousness and motor phenomena, which put these patients at risk for severe accidents, epilepsy-related deaths, 25 psychological trauma, and social stigma. A seizure type predictor could be used for patient monitoring and proceed to automatically call outpatient services or a designated caregiver in high-risk scenarios by filtering out subclinical and focal onset aware seizure detections. It could also interact directly with the patient via a personalized electronic device, and might protect and relief anxiety, especially in the 10%-65% of the pharmacoresistant population that does not experience an epileptic aura. 26 Reliable information about seizure dynamics can contribute to implementation of safe and effective preemptive strategies. Stepwise therapeutic increments adapted to seizures' biorhythms and acute drug administration are logical and much desired approaches in the field. The best evidence for successful implementation comes from pediatric epilepsy, although weak but promising results are provided by other epileptic phenotypes that tend to have clustering or determined behaviors. 27 The core problems with this approach are the high costs and risks associated with aggressive acute antiepileptic treatment, which have to be put in balance with the relatively low predictability of seizures in the majority of the pharmacoresistant population. 28 Seizure prediction algorithms offer an alternative, in theory, but so far systematic reviews have demonstrated limited performance and replicability. [29] [30] [31] [32] Our proposed seizure type prediction algorithm, albeit being dependent on the performance of the detection algorithm, could serve to stage the degree of warning and intervention [33] [34] [35] depending on the risk of ictal discharges becoming symptomatic and evolving to a bilateral tonic-clonic clinical manifestation. An advantage of the approach chosen is that both the random forest algorithm and the utilized input variables are also efficient in early seizure detection. 9 It is therefore possible to share resources for a unified seizure detection and type prediction approach to be implemented in a closedloop stimulation device. The training of the seizure type prediction algorithm and the first evaluation of performance can be performed offline, using intracranial EEG data collected prior to the implantation of the closed-loop stimulation device. The computational burden can be reduced individually by inactivating features with a marginal role in improving the prediction rate, based on the Gini coefficient. The selection of a subset of features can be useful in a real-life application to minimize the computing time and power consumption of a closed-loop stimulation device, by minimizing the number of features. In our study, we show that 1 seizure onset channel is sufficient to predict seizure type evolution (see Appendix S1). However, the prediction accuracy may be greatly improved by a more complex optimization schema, in which the seizure onset channel is decided on a patient-by-patient basis by a machine learning algorithm that chooses from a number of candidates. In many patients, using the first 3 seconds of ictal activity and adding an estimated 1 second for computations, our seizure type prediction algorithm will be fast enough to allow for interventions within 4.5 seconds of ictal activity. Such an early intervention is considered optimal for successful interference with epileptiform discharges. 36 However, in some patients, the best results are obtained when computing the features over the first 10 seconds of ictal activity (Tables S1-S3) . Nevertheless, even a 10-second delay in deciding whether a stimulation should be triggered is still usable, as depending on the localization of seizure onset and its pattern of spread, the mean interval between the electrographic debut of a seizure and the first clinical symptoms can last up to 25 seconds. 37, 38 Seizures of different types sometimes start in different SOZ channels in the same patient, as described in the case of Patient 9. However, seizure activity does spread to other contacts with a certain delay, hence the necessity of having variable ictal intervals in which to look for seizure activity (3-10 seconds), and multiple SOZ channels. Such an approach allows the optimization of prediction for each classifier. This would not be an issue for a clinical application. A closed-loop stimulation device that uses our algorithm may be constrained to use, for example, channel A to differentiate between SS and CS, and channel B to differentiate between BTC and NBTC. This A/B channel setup would be defined in advance during the presurgical evaluation and prior to the implantation of the closed-loop device, which requires intracranial electrode placement at the appropriate anatomical locations. The shortcoming is that for such patients needing A/B channels, more EEG data would have to be recorded and processed by the closed-loop device. Figure 5 shows the onsets of an IAS ( Figure 5A ) with hippocampal seizure onset in channel HA1-HA2, and of a BTC ( Figure 5B ) with fronto-orbital seizure onset in channel FO1-FO2, both recorded in Patient 26 of the current study. This is a clear example where different types of seizure arise from different brain areas, with no propagation between the 2 SOZ channels within the first 10 seconds of ictal activity. That the algorithm never reached a 100% prediction rate may suggest that the seizure onset channels do not contain the full information needed for classification.
Lastly, both the performance of the device and its evaluation could benefit from the addition of the presented classifier to a closed-loop stimulator. The trial reports from the first implantable device of this kind in human subjects (RNS System) demonstrate that 600-2000 pulses are delivered in response to detections daily. In other words, the stimulation is on for a total amount of 5.9 min/24 h on average. These data are extracted from a population with a preimplantation CS frequency of 33.5 AE 57 seizures/mo. 6 In the most optimistic scenario in which a stimulation is applied to at least a subclinical electrographic ictal pattern and not to interictal discharges or artifacts, it is to be assumed that >99.9% of the energy expenditure is used to terminate ictal activity that will not evolve to become clinically significant. Delaying or ceasing these interventions could prolong battery life, while diminishing any stimulation-related interference with physiological brain activity. An intrinsic limitation of these devices is the lack of alternatives to objectively quantify their performance and the ability to compare seizures' frequency in baseline versus sham versus active stimulation scenarios. For these reasons, 2 principal investigators affirm in a recent review that "it was not possible to know which of these detections would have progressed to an electrographic (or clinical) seizure, the concept of false-positive or false-negative seizure detection was therefore not relevant to this stimulation approach." 39 With a reasonable accuracy in outcome predictions, these metrics could be computed even in aborted events, providing much needed personalized evidence of the therapy's benefit.
In conclusion, we show that early seizure type prediction is possible based on the analysis of only a few seconds of the electrographic pattern, which opens up new options for valid warning and specific intervention using implantable devices. 
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